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Abstract
The Hierarchical Technology for Quantitative Structure - Activity Relationships (HiT QSAR) was
applied to 95 diverse nitroaromatic compounds (including some widely known explosives) tested
for their toxicity (50% inhibition growth concentration, IGC50) against the ciliate Tetrahymena
pyriformis. The dataset was divided into subsets according to putative mechanisms of toxicity.
Classification and Regression Trees (CART) approach implemented within HiT QSAR has been
used for prediction of mechanism of toxicity for new compounds. The resulting models were
shown to have ~80% accuracy for external datasets indicating that the mechanistic dataset division
was sensible. Then, Partial Least Squares (PLS) statistical approach was used for the development
of 2D QSAR models. Validated PLS models were explored to (i) elucidate the effects of different
substituents in nitroaromatic compounds on toxicity; (ii) differentiate compounds by probable
mechanisms of toxicity based on their structural descriptors; (iii) analyze the role of various
physical-chemical factors responsible for compounds’ toxicity. Models were interpreted in terms
of molecular fragments promoting or interfering with toxicity. It was also shown that mutual
influence of substituents in benzene ring plays the determining role in toxicity variation. Although
chemical mechanism based models were statistically significant and externally predictive
(R2ext=0.64 for the external set of 63 nitroaromatics identified after all calculations have been
completed), they were also shown to have limited coverage (57% for modeling and 76% for
external set).
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Nitroaromatics compounds and their numerous derivatives are of use as explosives and
propellants in the military and in industry [1, 2]. Waste from nitro compounds are easily
disseminated during manufacturing, storage, transportation, and utilization of munitions,
leading to a potential hazard for humans and the environment [3]. A number of studies have
shown that nitro compounds, as well as their metabolites of environmental transformation,
by-products of synthesis, or incomplete combustion are harmful for the biosphere due to
their toxicity [3–6]. For instance, toxic effects in humans after dermal, oral, or respiratory
exposures include gastrointestinal, neurological and reproductive disorders, cirrhosis of the
liver, hepatitis, cataracts, respiratory and skin irritation, nephrotoxicity, and hematological
defects. Moreover, nitroaromatic compounds are widely used in medicine, industry and
agriculture. Nitroaromatic pesticides as well as the explosive residues are considered as
toxic environmental pollutants. Some of these compounds have mutagenic or carcinogenic
activity and may accumulate in the food chain (bioaccumulation). Therefore, the presence of
aromatic and nitroaromatic xenobiotics in the environment may present serious public health
and environmental problems, and both nature and degree of aromatic substitutions may have
profound effects on the chemical toxicity of nitroaromatic compounds [7].
Chemical toxicity can be associated with many hazardous biological effects such as gene
damage, carcinogenicity, or the induction of lethal rodent or human diseases. It is important
to evaluate the toxicity of all commercial chemicals, especially the High Production Volume
compounds. To address this need, standard experimental protocols have been established by
chemical industry, pharmaceutical companies, and government agencies to test chemicals
for their toxic potential.
Although the experimental protocols for toxicity testing have been developed for many
years and the cost of compound testing has decreased significantly, computational chemical
toxicology continues to be a viable approach to reduce both the amount of effort and the cost
of experimental toxicity assessments. Significant savings could be achieved if the potential
toxicity of a new chemical could be predicted before its synthesis and experimental testing.
To address this challenge, many Quantitative Structure Activity/Toxicity Relationship
(QSAR/QSTR)1 studies have been conducted and reported for different toxicity endpoints,
e.g., [8–10].
The toxicity of nitrobenzenes against the aquatic ciliate Tetrahymena pyriformis has been
extensively studied by several research groups [8, 9, 11, 12] using 2D and 3D QSAR
methodologies. There are multiple mechanisms of nitrobenzene toxic action, with
hydrophobicity and electrophilic reactivity being the most important structural factors
contributing to the mode of action [12]. Hydrophobicity is considered to be important for
compounds’ transport from the environment to the site of action, whereas the electrophilicity
is related to an intrinsic reactivity pattern. Reactivity of nitrobenzenes can be due to: (i)
reduction of the nitro group and (ii) the tendency to act as an electrophile in SNAr reactions
[9, 12]. The reduction of a nitro group can occur by at least two mechanisms: the single-step
reduction with an enzyme such as nitroreductase and the so-called redox cycling, during
which multiple back-oxidation of the reduced nitro compound can occur.
1Abbreviations: HiT QSAR – Hierarchical Technology for Quantitative Structure - Activity Relationships; IGC50 – 50% inhibition
growth concentration; CART – Classification and Regression Trees; QSAR/QSTR – Quantitative Structure Activity/Toxicity
Relationship; SiRMS – Simplex representation of molecular structure; PLS – Partial Least Squares or Projections to Latent Structures;
AD –applicability domain;
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Agrawal and Khadikar [11] built multiple regression models based solely on topological
descriptors. Cronin and co-workers [12] employed 3D descriptors and postulated a separate
toxicity mechanism for para-substituted nitrobenzenes, which were detected as statistical
outliers. The effect of different chemical narcotics on Tetrahymena pyriformis was
investigated by Bearden and Schultz [13]. Various aromatic compounds display distinct
types of narcosis: the toxicity of molecules with strong electron-releasing amino and
hydroxyl groups was explained by polar narcosis mechanism [14, 15]. However, Vaes et al.
[16] showed that the distinction between different types of narcosis (polar and apolar) is
only an experimental artifact from using octanol as surrogate for the cell membrane lipids.
Estrada and Uriarte [17] applied their original Topological Sub-Structural Molecular Design
(TOPS-MODE) approach based on topological descriptors to a data set of 43 substituted
nitrobenzenes. Although mechanistic interpretation of the correlation is complex, it can be
used for the prediction of molecular toxicity through the summation of toxicity contributions
by individual structural groups. The most relevant efforts to develop QSAR models for
toxicity of nitroaromatics are listed in the Table 1. All these studies [9, 11, 12, 18, 19] have
the same drawbacks: obtained models have only internal cross-validation, they have no AD
estimation and no prove of passing Y-randomization test; small sets of compounds has been
used for model development. Detailed interpretation of the developed models is reported in
each article, however the absence of external validation, DA and Y-scrambling is causing
the serious doubts of reliability of this interpretation. Certainly, there were many published
studies devoted to QSAR modeling of this endpoint, but they were no focused on
nitroaromatic compounds. However we should mention the international collaborative
QSAR modeling of Tetrahymena pyriformis [20] which was resulted in, robust, predictive
and pretty comprehensive model for this endpoint. However, many of compounds of
military interest are outside AD of this model.
In spite of earlier effort [9] to develop acceptable QSAR models for given dataset using
topological, quantum-chemical and some other chemical parameters generated by
CODESSA, many questions pertinent to the toxicity of nitroaromatic compounds remain
unanswered. One of them, addressed in this paper in great detail, is the relationship between
chemical structure (especially the influence of substituents in the aromatic ring) and toxicity.
This analysis could provide useful knowledge regarding the acceptance or rejection of the
proposed mechanisms of chemical toxicity for this group of molecules. Another common
vulnerability of all investigations mentioned above is the absence of any external validation
of reported QSAR models, i.e., all these models are well-fitted, but there is no information
as to how predictive they are when applied to external datasets. Therefore, the aim of the
present study is to extend recent investigation [9] by applying Hierarchical Technology for
Quantitative Structure-Activity Relationships (HiT QSAR) for: (i) generation and external
validation of QSAR models describing the influence of the structure of 95 various
nitroaromatic compounds (including some widely known explosives) on their toxicity
against the ciliate Tetrahymena pyriformis; (ii) elucidation of the effects of different
substituents in the benzene ring on toxicity of nitroaromatic compounds; (iii) differentiation
of compounds by probable mechanisms of toxicity based on their structural descriptors; (iv)
analysis of the role of various physical-chemical factors (e.g., electrostatics, hydrophobicity,
hydrogen bonding, atomic identity, etc.) in compounds’ toxicity; and, ultimately, (v)
development of a reliable computational tool for accurate environmental risk assessment of
novel untested nitroaromatic compounds.
2. Materials and methods
2.1 Dataset
The modeling set for the present investigation was created from the data set compiled from
well-characterized previous studies [12, 18, 21, 22], totally 115 records. After removal of 20
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duplicates, 95 compounds remained for QSAR analysis. The inverse logarithm of the
concentration causing 50% growth inhibition of Tetrahymena pyriformis after 40 hours log
(IGC50)−1, mM, was used as a measure of compounds’ toxicity (Table 2). The whole
database of 95 nitrobenzenes was divided into two overlapping clusters (60 compounds in
total) based on mechanistic considerations outlined in [9, 19, 23]: 41 compounds which
caused the appearance of oxidative stress in a living cell due to the redox cycling during
nitro group reduction (mechanism A) and 48 species which are predisposed to the
nucleophilic attack (mechanism B). 35 remaining compounds that could not be assigned to
either of these two groups formed a separate subset. For nitroaromatic compounds that may
exert oxidative stress by acting as redox cyclers mode of action, the nitroaromatic radical
anion formed by one-electron reduction is oxidized back to the parent compound while
forming superoxide (O2-•), which then leads to the generation of hydrogen peroxide (H2O2)
and hydroxyl radical (OH•) as highly reactive oxidants. Apparently, redox cycling potency
thus competes with the ability of further reduction [19]. Schmitt et al. [19] suggested to use
ESOMO (energy of single occupied molecular orbital) window of −0.30 to 0.55 to relate
dinitrobenzenes as well as multiply chlorinated nitrobenzenes to redox cyclers. For
compounds acting by mechanism B the presence of strong electron-attracting groups can
activate the halogen or pseudohalogen toward substitution via SNAr mechanism. Mekenyan
et al. [23] suggested that toxic behavior of such chemicals involves covalent binding to
protein and the difference in lowest unoccupied molecular orbital energy between the parent
compounds and their Meisenheimer complexes together with the maximum acceptor
superdelocalizabilities determined over the aromatic reaction sites were found to
discriminate correctly such nucleophilic compounds [23]. Then, mentioned above criteria
were used by Katritzky et al. [9] to classify investigated nitroaromatics by mode of toxic
action. In the given we used the same classification.
An additional dataset of nitroaromatic compounds [20] was identified after the completion
of the modelling studies reported herein. After identification and removal of 78 duplicates,
remaining 63 compounds from this dataset were used for external validation of the
developed models. All the structures (including nitro group representation) and related
activity values were carefully curated and checked according to procedures described by
Fourches et al. [24].
2.2. HiT QSAR
All studies using real values of toxicity were completed with the HiT QSAR software based
on Simplex representation of molecular structure (SiRMS) [25]. This method afforded good
results in previous studies for solving different "structure-activity" problems [26–30]. 2D
Simplex descriptors (number of tetratomic fragments with fixed composition and topology)
were used for molecular structure representation. Thus, SiRMS accounts not only for the
atom type, but also for other atomic characteristics that may impact biological activity of
molecules, e.g., partial charge [31], lipophilicity [32], refraction [33], and atom ability for
being a donor/acceptor in hydrogen-bond formation (H-bond). For atom characteristics,
which have real values (charge, lipophilicity, refraction) the division of the entire value
range into definite discrete groups has been carried out [34]. The number of groups is a
tuning parameter and can be varied. In the present study the atoms have been divided into
groups corresponding to their (i) partial charge A≤−0.3<B≤
−0.1<C≤0<D≤0.03<E≤0.07<F≤0.2<G, (ii) lipophilicity A≤−1.6<B≤
−0.35<C≤0.04<D≤0.05<E≤0.3<F≤1.6<G and (iii) refraction A≤1.5<B≤3<C≤8<D. For H-
bond characteristics, the atoms have been divided into three groups: A (acceptor of
hydrogen in H-bond), D (donor of hydrogen in H-bond), and I (indifferent atom). The usage
of sundry variants of differentiation of simplex vertexes (atoms) represents the principal
feature of this approach. The main advantages of SiRMS are its ability to analyze molecules
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with significant apparent structural differences as well as the possibility to reveal individual
molecular fragments (simplex combinations) promoting or interfering with the investigated
antiviral activity [35].
2.3. Statistical approaches
Because of a large number of simplex descriptors generated in the HiT QSAR approach,
Partial Least Squares or Projections to Latent Structures (PLS) method [36, 37] was used for
statistical model development. Genetic algorithm [38], trend-vector method [39–41] and
automatic variable selection strategy [25] based on interactive [42] and evolutionary [43]
variables selection were used for descriptor selection in PLS. Briefly this scheme can be
represented in the following way: elimination of non-significant and highly correlated
descriptors →TV procedure→AVS ↔ GA → partial or complete enumeration methods →
best QSAR model. Selection of the best QSAR model on every stage of this process was
carried out according to maximum of Fitness Function (FF) criterion, where FF = R2 + 2Q2
and FF → max, i.e. the best selected QSAR model represents the model with the maximum
FF value [44]. After the selection of these best models, they have been validated using
corresponding external test set, i.e., selected test set compounds were eliminated from initial
work set before QSAR modeling and were used only for validation of the chosen models. R2
and Q2 are parameters of model goodness-of-fit and robustness, correspondingly. They are
obligatory but insufficient conditions of model acceptance. Certainly, neither R2 nor Q2 are
not the characteristic of model quality (predictivity), which is related to model ability to
predict activity for compounds from external test set. General scheme of the PLS models
generation and selection applied in HiT QSAR can be found in the literature [25].
Classification models were built with the Classification and Regression Trees (CART)
approach [45], which is a nonparametric statistical method of analysis. In the CART
approach, the resulting models represent hierarchical sets of rules based on parameters
selected for the description of the investigated property. The rule represents an "IF-THEN"
logical construction. For example, the simple rule can be "IF lipophilicity > 3 THEN
compound is active". In fact, such a model is realized as a set of consecutive nodes, and each
of them contains certain sets of compounds which correspond to that node’s rule. The CART
method has several advantages: obtaining intuitively understandable models using natural
language, quick learning and predicting processes, nonlinearity of models, and the ability to
develop models using ranked values of the activity (it allows for the analysis of sets of
compounds with heterogeneous experimental activity values).
2.4. Consensus approaches and model comparison
In modern QSAR analysis the most effective predictions are realized as the result of using
consensus approaches [46–49], i.e., when several single models are used concurrently. In
this study, the prognosis of activity/property was developed by averaging (using different
schemes, see Results and Discussion) the predictions generated by an ensemble of QSAR
models. The success of the consensus approach depends on the selection of models; it is
expected that the use of multiple models leads to the compensation of errors thereby
improving the overall predictive power as compared to any contributing single model. Most
probably, it is related to the fact that a multidimensional response surface (activity, property)
in structural space is locally non-linear with multiple maxima and minima. Hence, any
single QSAR model, even a non-linear one, as a rule, is not able to approximate such a
complicated response surface. Evidently, the combination of different QSAR models affords
a more successful approximation. The power of consensus approach has been validated in
the study [20] where consensus model was constructed by averaging all available predicted
values taking into account the AD of each individual model. The advantage of this data
treatment is that the overall coverage of the prediction is still high because it was rare to
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have an external compound outside of the ADs of all available models. The authors [20]
demonstrated superior performance of the consensus modeling approach. Both the predictive
accuracy and coverage of the final consensus QSAR models were superior as compared to
these parameters for individual models. Moreover, the coverage of this consensus model
was actually 100% for all three data sets. Thus, the consensus models appeared robust in
terms of being insensitive to both incorporating individual models with low prediction
accuracy and the inclusion or exclusion of the AD [48]. However, consensus modeling is not
a panacea and it cannot establish the relationship between the structure and activity in case
of its absence.
Models included in the ensemble used for consensus prediction should be different in terms
of how they relate compound descriptors to the target property(-ies). Thus, the problem of
estimation of similarity/difference between QSAR models becomes important. Each
individual model has its own structural space defined by the descriptors involved. The
method used for the estimation of models’ similarity/diversity was developed by Todeschini
[50, 51]. In this approach similarity/dissimilarity of models has been estimated as Hamming
distance between binary vectors, where 0 and 1 reflected the absence or presence of specific
descriptor. Such estimation, in our opinion, is too rough, because the degree and direction of
influence of selected descriptors on the investigated property are not taken into account.
Moreover, this approach is not applicable to models containing the same or completely
different descriptors.
Herein, we have employed an alternative method for estimation of the similarity/
dissimilarity for a model, in which the models are compared in the specially defined space.
Consider an n×m matrix, where n is the number of models selected including the consensus
and "experimental" (observed values of investigated activity) ones and m is the number of
molecules. Thus, each model will be presented in m-dimensional molecular space by vectors
formed by m molecules used in QSAR modeling. Each of the training or test set molecules
specifies the basis vector; its components are calculated from each molecule’s activity
values predicted by every selected model. Then, one can compare different models using
either a correlation coefficient (normalized characteristic of similarity/difference of QSAR
models) or Euclidean distance between vectors obtained. This approach could be applied to
both training or test set molecules. Since the observed (experimental) activity values are also
considered, it is obvious, that the correlation coefficients or Euclidean distances between the
model vectors are the characteristics of the quality of approximation of investigated activity
by selected QSAR models. Both approaches (correlation coefficient and Euclidean distance)
have been used in this study to estimate the similarity/difference of QSAR models in
molecular space. Distribution of the QSTR models obtained was visualized in two-
dimensional space (Fig. 1) using multidimensional scaling [52] of these matrices.
2.5. Applicability domain
According to the OECD principles [53] the estimation of applicability domain (AD) for all
QSAR models is strictly required. However, correct estimation of AD is still one of the
biggest challenges in QSAR analysis [47, 54]. In this study, we have applied a new
algorithm for estimation of AD that involves the following steps:
Generation of the distance matrix between training set molecules in the descriptor space
of each QSAR model (the coordinates of latent variables in the PLS model were used).
Detection of the shortest distances between molecules using the aforementioned matrix
and subsequent building of minimal spanning tree (see [55] for details) for all training
set molecules. This tree characterizes clustering of molecules in the structural space.
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Finding the average distance (dav) and its root-mean-square deviation (σ) for the
spanning tree. This distance could be regarded as a measure of the average density of
molecular distribution in the structural space.
Finally, test set molecules are projected onto the space of latent variables. If the distance
between test set molecule and the nearest training set point is larger than dav+3σ, this
molecule is considered outside of the AD. Respectively, molecules belonging to the AD
are situated at the distance smaller than dav+3σ from the training set points.
This scheme of AD estimation is shown in Fig. 2. Training set compounds projected onto
two-dimensional space of PLS latent variables T1 T2 are represented as points. Each point is
connected with its nearest neighbor in this structural space. Altogether these points create
minimal spanning tree. Each point is surrounded by sphere with radius R= dav+3σ. The
ensemble of such spheres created local AD. Integral AD for the same model is depicted by
big oval. External set compounds within the local AD are depicted by stars and molecules
falling outside local AD - by "X". This approach for AD estimation is similar, in some ways,
to the methods described in [56]. It defines AD locally as opposed to integral approaches,
e.g., [35], that usually define the AD in terms of the convex region (hyper-sphere or
polyhedron or ellipsoid) in the multidimensional descriptor space, which could contain vast
cavities. As obvious from Fig. 2, local AD is defined by the union of regions surrounding
every training set point and contains no ambiguous cavities.
3. Results and discussion
More than 12,000 simplex descriptors were generated for the initial modeling set of 95
molecules (Table 2). Exclusion of non-significant and highly correlated (r ≥ 0.9) descriptors
reduced the number of descriptors to ca. 2000 that were used for subsequent PLS modeling.
Within the total set, two overlapping subsets of 41 structures known to cause oxidative stress
in living cells (mechanism A) and 48 compounds known to participate in nucleophilic attack
(mechanism B) were selected [9]. The third set consisted of 35 compounds not included in
either subsets A or B. We expected that taking into account the mode of action (mechanism
A or B) would allow us to generate robust and predictive QSAR models. Indeed, successful
QSAR models 7, 1 and 4 (Table 3) were obtained for both the entire training set and subsets
A and B, respectively. The model obtained for the third set (compounds not belonging to
either mechanism A or B) was rejected because of the lack of predictivity as described
below. 1000 rounds of Y-scrambling test for the whole dataset (95 compounds) resulted in
Q2YS ≤ 0.35 indicating the absence of chance correlations.
The most critical limitation of many traditional QSAR studies is their low external
predictive power, i.e., inability to predict accurately the underlying end point toxicity for
compounds that were not used for model development. The low external prediction accuracy
of QSAR models in spite of their high accuracy on the training set fitting QSAR models is a
well known phenomenon named as Kubinyi paradox [57]. There could be many reasons for
the discrepancy between internal and external predictive power of QSAR models. The most
common is that training set models are based on data interpolation and, therefore, they
inherently have limited applicability in the chemical space, whereas any external prediction
implies inherent and, frequently, excessive extrapolation of the training set models. To
assess the external predictivity of models, the initial dataset (95 compounds) was divided
into training and test sets. Approximately 20% of compounds from different groups of
activity were randomly selected into the test set [58]; the remaining compounds were
assigned to the training set.
In addition, an external test set was generated by selecting a subset of 10 or 8 compounds
(~20% of mechanism-based subsets A and B respectively) most similar to the corresponding
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training set (see reference [25] for details). Ultimately, the external predictions were
obtained for all molecules of the initial dataset, since each of them belonged to one of the
test sets. This approach allows one to minimize the dependence of the predictivity
estimation on the test set compounds selection; however, subsequent external validation on
independent test set is still highly desirable [46, 49, 58, 59]. Good models 2 (Mechanism A,
minimal dissimilarity set), 3 (Mechanism A, randomly chosen set), 5 (Mechanism B,
minimal dissimilarity set), and 6 (Mechanism B, randomly chosen set) (Table 3) were
obtained for every set, except for models generated for compounds without any known
mechanism of action (data not shown). The latter models were shown to be well-fitted and
robust; however, they did not show any significant predictive power when applied to test
sets and, consequently, they were excluded from subsequent studies. Models 1–6 were also
applied to another test set – compounds with unknown mechanism without any success
(R2test(other) in Table 3).
Our results (Table 3) indicate that the models obtained for compounds acting via a particular
mechanism were unable to predict toxicity of compounds of a different structural class with
a different presumed mechanism of toxicity (R2testother = 0.07 – 0.39). In other words,
models developed for structures acting via one mechanism could predict external
compounds acting via the same mechanisms but lacked predictive power when applied to
the molecules possessing different mode of action.
These observations suggest that the putative mechanism of toxic action must be determined
to enable the correct prognosis of toxicity using the respective QSAR model. For this
purpose, two classification models were obtained using data from [9] (in case of compounds
with identified toxicity mechanisms) with the CART approach [45]. The first of them
classified nitroaromatic compounds in two classes based on whether the molecule acted via
the mechanism A (redox cyclers) or not. Similarly, the second model divides all compounds
in two classes, depending on whether the compound acts via mechanism B (nucleophilic
attack) or not. Corresponding classification trees (mechanism A vs. not mechanism A and
mechanism B vs. not mechanism B) which represent the set of structural rules are shown on
the Fig. 3. Compounds belonging to certain mechanism are marked by 1 and others – by 0.
Simplex descriptors corresponding to structural rules are graphically represented in the knots
of each tree. The final models have only ~15% of misclassification errors. Only 3–4 simplex
descriptors have been used to develop each of these models. The models predicted the
mechanism of action for test set compounds correctly with 79%–84% accuracy. Using these
structural filters (value of depicted simplex descriptors) it is possible to classify any new
compound by its mode of toxic action, i.e., mechanism A or B in our case.
According to selected structural filters (Fig. 3A), compound will act by mechanism A if: (i)
it has one or less methyl substituents in the aromatic ring and no hydroxyl groups; (ii) it has
one or less methyl substituents in the aromatic ring, one or more hydroxyl groups, and two
or more nitro groups. Compound will not act by mechanism A if: (i) it has more than one
methyl substituents in the aromatic ring; (ii) it has one or less methyl substituents in the
aromatic ring, one or more hydroxyl groups, and less than two nitro groups.
According to selected structural filters (Fig. 3B), compound will act by mechanism B if: (i)
it has more than one nitro groups; (ii) it has one nitro group and it has unsaturated
hydrocarbon substituent in the aromatic ring next to nitro group; (iii) it has one nitro group,
no unsaturated hydrocarbon substituent in the aromatic ring next to nitro group, and four or
more substituents in the aromatic ring. Compound will not act by mechanism B if it has one
nitro group, no unsaturated hydrocarbon substituent in the aromatic ring next to nitro group,
and less than four substituents in the aromatic ring.
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In spite of reasonably high accuracy of the mechanism-based models described above they
have a natural limitation in terms of chemical diversity of compounds that could be
predicted with these models. For instance, as mentioned above, none of the mechanism-
based models could accurately predict the toxicity of compounds acting via an alternative
mechanism. For this reason, we have considered building global QSAR models for the entire
available dataset of diverse 95 chemicals regardless of their mechanism of action. As stated
above, we were able to generate a well-fitted QSAR model 7 for the entire dataset (Table 3).
Y-scrambling test repeated 1000 times revealed the absence of chance correlations (Q2YS =
0.35). To demonstrate that the global model is externally predictive, a subset of 19
compounds, most similar to the training set (the remaining 76 compounds) was selected for
external validation of model 8. In addition, for better evaluation of the predictive power of
QSAR models, several other external test sets were used in this analysis following principles
of n-fold external cross-validation [60] (n=5 in our case). In this case the entire set of 95
compounds was divided randomly into five non-overlapping subsets and used each subset
systematically as an external test set. Robust and predictive models 9–13 (Table 3) were
obtained for every external fold.
After our calculations reported above were completed, we have identified toxicity data for
63 additional nitroaromatic compounds 96–158 [20] (Table 2). Three different consensus
models 14–16 (Table 3) were used to predict toxicity for this external test set keeping in
mind the desire to obtain predictions that are both statistically accurate and, if possible,
informative of the underlying mechanism of action. The workflow development of these
consensus models is shown at Fig. 4. Models 1–6 were combined in the mechanism-based
consensus model 14. In this model, compounds with predicted by CART model (Fig. 3)
mechanism A were treated by models 1–3, and compounds with predicted mechanism B –
by models 4–6. If both mechanisms were assigned to the same compound, it was predicted
by models 1–6. Compounds that were predicted (by CART model) to have unknown
mechanism of toxicity (not A and not B) were considered out of AD of mechanism-based
consensus model 14. Models 7–13 obtained with all 95 compounds were combined in
mechanism-free consensus model 15. All 13 models (1–13) and CART models for
mechanisms A (redox cyclers) and B (nucleophilic attack) were used for the development of
global consensus model 16. Here, for models 1–6 the similar logic as for mechanism-based
consensus model 14 was used (i.e. compounds with predicted by CART model (Fig. 3)
mechanism A were treated by models 1–3, 7–12, and compounds with predicted mechanism
B – by models 4–6, 7–12). If both mechanisms were assigned to the same compound, it was
predicted by all models 1–12, if no mechanisms (not A and not B), compound, it was
predicted by only models 7–12. For any consensus model, toxicity of every compound was
estimated as an arithmetic average of predicted values from one to thirteen individual QSAR
models (i.e., only models for which a compound is found within their AD are used). As can
be seen in Table 3, predictivity of global consensus model 16 for the external test set is
higher (R2test=0.65) than that of mechanism-free model 15 (R2test=0.54). At the same time
mechanism-based consensus model 14 (with similar predictivity, R2test=0.64) covers only
76% of external set. Thus, the results of external validation show that the global consensus
model 16, i.e., combination of mechanism-based models with the models obtained using all
available compounds gives the best results in both coverage and predictivity.
Comparative analysis of all sixteen QSAR models has been carried out separately for
modeling and external test sets. Estimation of their similarity/difference either by correlation
or by Euclidean distance between corresponding activity vectors (see Materials and
Methods) shows that, as expected, consensus model 16 has the highest accuracy of
prediction based on both similarity metrics. Multidimensional scaling has been used to
visualize the results of this analysis (Fig. 1). Although Fig. 1 shows the distribution of
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pairwise distances between models only approximately, it does reflect the distribution
pattern. It is obvious from Fig. 1 that such distribution is substantially dependent not only on
the method used to estimate the similarity/dissimilarity (correlation or Euclidean distance)
but also on the dataset used. Thus, these distributions are markedly different for the training
(Figs. 1A and B) and external sets (Figs. 1C and D). For the modeling set distribution (Fig.
1A and B) models 1–3, 4–6, and 7–15 form separate clusters, but for the external test set
(Fig. 1C and D) they are “mixed”.
Since our consensus model 16 was shown to have the highest predictive power and
coverage, it was applied to predict toxicity of 48 novel explosives such as RDX, HMX,
CL-20, FOX-7, HBT, theirs derivatives, and other compounds of military interest. The
results (Table 2) suggest rather moderate levels of toxicity for polychloronitrobenzenes, e.g.,
pentachloronitrobenzene or 1,2,3,5-tetrachloro-4-nitrobenzene, but higher levels for the
newest explosives such as FOX-7 and HBT.
One of the aims of this study was to analyze the role of physico-chemical factors in toxicity
variation. Within the framework of SiRMS (like in CoMFA approach [61]) it is possible to
define the relative influence of the different physical and chemical factors on the character
of the molecules interaction with the biological target [25]. For this purpose it is necessary
to summarize and compare the normalized contributions of simplexes in the obtained model
separately for every differentiation group. Thus, the relative contribution of simplexes,
where differentiation of vertexes corresponds to the partial charges on atoms reflects the role
of electrostatic factors; the relative contribution of simplexes, where atoms are differentiated
by lipophilicity reflects the role of hydrophobic factors, etc. The results of such analysis
show that hydrophobic and electrostatic interactions of toxicants with their biological target
are the most important (one third per each) (see Fig. 5). Hence, one can deduce an
assumption that compound transport to the site of action (which depends on its lipophilicity)
and interaction of nitroaromatic compounds with a biological target (which depends strongly
on electrostatic factors and including the reactivity of nitroaromatics) have a big influence
on the level of toxicity of investigated compounds. Interestingly that no relationship between
log(IGC50) and corresponding Hammett constants (σ, σn, σ0, σ+, σ−) was found for
monosubstituted nitroaromatic compounds (R < 0.25).
The contributions of different substituents to toxicity variation of investigated compounds
were also estimated using the capabilities of HiT QSAR (Fig. 6). Such average*
contributions of substituents to toxicity were estimated for different sets corresponding to
mechanisms A (models 1–3) and B (models 4–6) as well as a combined set (models 7–13).
As expected (see above), the behavior of all three curves is quite similar on a qualitative
level. Generally, one can see that the insertion of the following substituents increases
toxicity: Halogen (F<Cl<Br<I), O-Alk (O-CH3<O-C2H5<O-C4H9), methyl, ethyl,
chloromethyl, nitro group, and, especially, phenyl and aminophenyl. OH, CHO and
COOC2H5 substituents do not show clear pattern as to their influence on toxicity and
COOH, CONH2 and CH2OH groups decrease it. As expected, there is no correlation
between the substituents’ contributions to toxicity and their Hammett constants (R = −0.24 –
0.08). However, the correlation between toxicity and the substituents’ lipophilicity values is
relatively high (R2 = 0.81). These observations may indicate that the toxicity of
nitroaromatic compounds mostly depends on their transport properties (defined by their
lipophilicity) and their reactivity is less important.
*The contributions have been averaged over all corresponding models for all compounds containing substituents in different positions
in aromatic ring.
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It is important to analyze the contribution of individual chemical functional groups on
toxicity. As expected [10], the insertion of the second nitro-group makes compounds more
toxic (Fig. 7). The trend of toxicity increase is as follows: ortho-dinitro < meta-dinitro <
para-dinitro (Fig. 7). The insertion of chlorine atoms into benzene ring leads to an increased
toxicity (Fig. 7). Thus, the most toxic compound amongst those considered in this study is
2,3,5,6-tetrachloro-1,4-dinitrobenzene (Table 2). Relative positions of chlorine atoms are not
important – the differences between isomers’ toxicity are minor (Table 2). This situation is
significantly different from the trends observed when studying chemical toxicity in rats [10].
In that case, 2,5-dichloronitrobenzene is one of the least toxic compounds, but 2,6-
dichloronitrobenzene is highly toxic. The difference between their toxicity is about 2
logarithmic units. The behavior of carboxyl group in the cases mentioned above is also
substantially different. COOH group is believed to increase the toxicity in rats [10] but has
an opposite effect on toxicity in Tetrahymena pyriformis (Fig. 6). Most probably, features of
nitroaromatic compound metabolism are significantly different for these two various
biological species. However, it is unlikely to be related to the peculiarities of nitroaromatic
compounds concerning nucleophilic substitution or radical reduction. As it was shown
before in rats [10] as well as in the present study, polar effects of substituents in benzene
ring do not effect toxicity significantly.
As mentioned previously [10], HiT QSAR approach allows one to estimate the influence of
different fragments not only on the investigated property, but also on each other. In Fig. 8,
the toxicity of each molecule is represented as six separate contributions (peaks on the
hexagon),  where Ci – i-th (i = 1–6) C atom on benzene ring and X – substituent
(H, Cl, NO2, COOH). In other words, relative contributions of each carbon of aromatic ring
and its substituents were analyzed separately. Peaks corresponding to certain fragments are
increasing according to their contribution to toxicity. Unsubstituted nitrobenzene 1 (black)
was used as a starting point in all cases. Carbon with nitro group is always in position 1. The
strongest mutual influence of substituents on toxicity was observed for isomers of
nitrobenzoic acid (compounds 24–26). The results of analyzing this influence are shown in
Fig. 8A. As obvious from the Fig. 8A, insertion of carboxyl group in ortho-position to nitro
group (compound 24, red) has the most negative influence on toxicity (1.4 logarithmic
units). Nitro group toxicity was also decreased in this case (0.3 LU). The situation for two
other isomers (compounds 25, green and 26, blue) is nearly the same. Negative contribution
of carboxyl group to toxicity is substantially lower (0.6 LU) and positive contribution of
nitro group is almost the same as in nitrobenzene.
Similar analysis was carried out for chlorine-substituted nitrobenzenes 4 (red), 56 (green),
73 (blue) and 83 (purple) (Fig. 8B). The influence of an increase in the number of chlorine
atoms in benzene ring was traced. The effect of each additional chlorine atom on toxicity is
bigger than that of the previous chlorine atom. If for 2-chloronitrobenzene 4 the incremental
contribution of the chlorine substituent is equal to 0.33 LU, then for the fourth chlorine atom
in 2,3,4,5-tetrachloronitrobenzene 83 it increased to 0.43 LU. The relative contribution to
toxicity of the nitro group increases in proportion to the number of chlorine substituents
(0.30 LU for nitrobenzene 1 and 0.49 LU for 2,3,4,5-tetrachloronitrobenzene 83). The
addition of a new chlorine atom also leads to an appreciable increase of contribution to
toxicity of the aromatic C-H group nearest to chlorine. Thus, for 2-chloronitrobenzene 4 the
contribution of 3-CH group is increased by 0.05 LU in comparison with nitrobenzene 1, and
for 2,3,4,5-tetrachloronitrobenzene 83 the contribution of 5-CH is increased by 0.32 LU.
Insertion of the second nitro-group into nitrobenzene effects the contributions to toxicity of
not only the initial nitro group but also C-H fragments (Fig. 8C). Contributions of nitro
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groups are increased in comparison with nitrobenzene 1: for ortho-isomer 66 (red) by 0.13
LU; for meta-isomer 14 (green) by 0.08 LU and for para-isomer 67 (blue) by 0.14 LU. For
every C-H fragment, the value of the contribution to toxicity is maximally increased in
comparison with nitrobenzene 1 in case of para-isomer 67 on 0.07 LU. Thus, the
substituents in the benzene ring affect not only their own contributions to toxicity, but also
the effect on toxicity of their neighboring groups and can even increase the contribution to
toxicity of C-H groups.
4. Conclusions
Robust 2D QSTR models were obtained for 95 nitroaromatic compounds tested against
Tetrahymena pyriformis. Their predictivity was successfully validated on an external test set
consisting of 63 nitroaromatic compounds. We have established that the consideration of the
possible chemical mechanism of the toxicity of nitroaromatic compounds is not obligatory
but is desirable for the development of predictive QSTR models. Toxicities of 48 novel
explosives such as RDX, HMX, CL-20, FOX-7, HBT and other compounds of military
interest were predicted with the consensus model. The results suggest that most
polychloronitrobenzenes are moderately toxic but the toxicity of the newest explosives such
as FOX-7 and HBT is expected to be relatively high.
We have examined the influence of structural features of nitroaromatic compound on their
toxicity. We found that parameters of substituents in the aromatic ring that characterize their
hydrophobicity and ability to be involved in electrostatic interactions are the most
significant underlying factors with respect to the compound toxicity. Furthermore, the
mutual influence of substituents in the aromatic ring plays an important role in toxicity of
nitroaromatic compounds. Contributions of substituents to toxicity are certainly non-
additive. Mutual influence of substituents effects activation of aromatic C-H fragments
(increasing theirs toxicity) to a considerable degree.
We have succeeded to obtain robust and predictive (R2ext=0.64) mechanism-based (local)
QSAR model with limited AD. At the same time mechanism-free consensus model has
better coverage but was less predictive. Finally, we have shown that the best results
(R2ext=0.65 and 100% coverage) could be obtained by using global consensus model
combining predictions made with both local mechanism-based (local) and mechanism-free
QSAR models. Thus, approach combining local mechanism-based and mechanism-free
QSAR models in one global consensus model allow one to achieve the highest external
predictive accuracy and the largest coverage could find general application in chemical
toxicity prediction for diverse chemicals.
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QSAR models similarity/dissimilarity in the structural space estimated by correlation (A, C)
and Euclidian distances methods (B, D) for modeling (A, B) and external test (C, D) sets.
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Decision trees for mechanisms A (left) and B (right).
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Workflow of consensus models development.
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Relative influence of some physicochemical factors on variation of toxicity estimated on the
basis of consensus model 16.
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Contributions of different substituents in benzene ring to nitroaromatics toxicity change.
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Contributions of insertion of nitro- (a) and chlorine- (b) groups to nitroaromatics toxicity
change.
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The analysis of structural fragment influence on toxicity for some substituted nitrobenzenes.
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